As the industry grows, adulteration of many products by mislabelling, re-branding and false advertising is becoming prevalent practice. Existing solutions for analysis often require extensive sample preparation or are limited in terms of detecting different types of integrity issues. We describe a novel authentication method based on Nuclear Quadrupole Resonance (NQR) spectroscopy which is quantitative, non-invasive and non-destructive. It is sensitive to small deviation in the solid-state chemical structure of a product, which changes the NQR signal properties. These characteristics are unique for different manufacturers, resulting in manufacturer-specific watermarks. We show that nominally identical dietary supplements from different manufacturers can be accurately classified based on features from NQR spectra. Specifically, we use a machine learning-based classification called support vector machines (SVMs) to verify the authenticity of products under test. This approach has been evaluated on three products using semi-custom hardware and shows promising results, with typical classification accuracy of over 95%.
Introduction
The supply chain for food and dietary supplements has become more complex, distributed and also less secure over time. As a result, different types of fraudulent activities -e.g. adding harmful substances, re-branding of inferior products, etc., leading to integrity issues in these products have emerged as a serious concern. Every year, consumers are cheated of billions of dollars (Shears, 2010; Jordaan, 2015) , and the monetary value of fraud in food and dietary or nutritional supplements is estimated to be over $40 billion annually (PWC, 2016) . Moreover, the breadth of supplement counterfeiting is enormous, and it can occur at any stage of the supply chain. The general operating model of counterfeiters is to use cheap substitutes to make large profits. Thus, supplement adulteration is done by replacing a part of, or an entire ingredient without the customer's knowledge. Some of the most commonly adulterated foods include vanilla extract, maple syrup, wine, coffee, honey, milk and olive oil. Adulteration of food ingredients can lead to life-threatening situations (T€ ahk€ ap€ a€ a et al., 2015). Moreover, fraudulent food products are everywhere around us.
According to a report (Callahan, 2016) , Kobe Steak, a meat variety imported from Japan, is sold only at three restaurants in the United States; when other restaurants claim to sell this variety of meat, it is counterfeit. The field of medicines and dietary supplements is also subject to large-scale fraud going on in several places around the world. This is particularly unfortunate since approximately one-third of the world's population does not have access to essential medicine required to live a healthy life (Edwin, 2012; Almuzaini et al., 2013; Jahnke, 2017) .
Dietary supplements also suffer from similar safety risks. Globally, the market for dietary supplements is valued at $132.8 billion in 2016 and is expected to reach $220.3 billion in 2022 (Research, 2017) . According to a report, the United States alone, where half of its population consume some type of supplements, makes it a $32 billion industry (Porter, 2017) . Surprisingly, dietary supplements do not need United States Food and Drug Administration (US FDA) approval for marketing according to the law in (Food and Administration, 2018) even though FDA found nearly 300 fraudulent supplements for weight loss, bodybuilding and sexual enhancements with deceptive labelling (Information, 2018) . Adulteration with synthetic drugs, re-branding of lower quality substances, and false advertising are becoming prevalent in the supplement industry. Lack of strict regulation and growing trend of online sales are aggravating the problem. These tainted supplements had been associated with major health problems like kidney failure, hepatitis and many other problems (Marcus & Grollman, 2012) .
Given recent incidents, there is a growing concern among the end-users about the quality of food and supplements. It is becoming increasingly difficult to trust a product based on its label. Thus, there is a critical need for authentication of supplements at all stages of the supply chain and to ensure traceability back to the manufacturers. However, there are many challenges in tracking diverse supplement products. For example, supplements typically have distributed supply chains spread across the world. This results in increased fraud due to the absence of knowledge sharing between different countries and regions. Moreover, while various Internet of Things (IoT)-based technologies like RFID tags, optical barcodes, etc. can provide exhaustive information regarding a product, all of them implicitly rely on trust in the label maker. In other words, they fail at providing credible chemical authentication of the product, which is a more trustworthy approach (Coughlin, 2016) .
In this paper, we address the need of efficient and reliable authentication of dietary supplements using Nuclear Quadrupole Resonance (NQR) spectroscopy. Our approach targets supplements in solid form. Majority of supplements are sold in powder form, or as a tablet or capsules (hard, soft) and hence falls into this category. Our authentication method uses intrinsic NQR properties of an active ingredient as a watermark to authenticate and trace a product from a manufacturer. The chosen active ingredient may either be a normal part of the product or added on purpose as an authentication 'tag'. The NQR properties of this ingredient should be very difficult to clone, mask, or imitate. In this case, differences in the parameters provide a unique way to authenticate products from similar manufacturers. The resulting watermark can be measured using a spectroscopic scanner during manufacturing (Ellis et al., 2015) , transportation, and/or retail.
As shown in Fig. 1 , the manufacturer measures unique signatures for the products and stores them in a cloud server (generally encrypted to minimise the risk of deceitful use). The cloud also works as a platform for access control by denying access with inadequate credentials and defending against attacks like eavesdropping and man-in-the-middle attacks. The stored signatures are then utilised for authenticated extraction and safety analysis. Specifically, an authorised quality checker at any stage of the product lifecycle can now measure the NQR signature of a product and access the cloud storage to check product authenticity. After verifying the integrity of the quality checker and the data, the authentication or traceability of the product can be judged in the form of either authenticating it or by tracing it back to an anonymous manufacturer. If an authentication fails, a product can be flagged and appropriate measure can be taken. The latter indicates fraud, contamination or degradation of the product in the supply chain.
The differences among various spectroscopic methods and NQR's relative advantages are described in Measurement noise section. One advantage of NQR is that many (approximately 50%) of the elements in the periodic table have nuclear isotopes with non-zero electric quadrupole moment, which is the fundamental requirement for generating NQR signatures. Moreover, NQR spectroscopy is an RF technique, resulting in a volumetric measurement that is insensitive to packaging. Thus, large quantities of packaged products can be readily Figure 1 Flowchart illustrating major steps in the proposed authentication process using NQR spectroscopy. [Colour figure can be viewed at wileyonlinelibrary.com] authenticated (Chen et al., 2016) . Finally, the cost of NQR apparatus is low compared to other analytical methods. In earlier work, we have presented an NQRbased solution for authentication of medicines . We have developed a broadband analogue front-end for detecting the NQR spectra of nitrogen ( 14 N) over a wide frequency range (1-3 MHz).
In this paper, we present a complete process for authentication of diverse dietary supplements. We describe the measurement setup that, in part, is custom designed to meet the specific requirements for chemical analysis of supplements through NQR spectroscopy. In designing the custom components, we combined our analogue front-end with a programmable impedance matching network to detect NQR parameters from several dietary supplements (such as L-Histidine and L-Proline) and medications (such as acetaminophen). We also introduce a machine learning-based classifier that can be used to trace the manufacturer of a product based on measured NQR parameters. Spectral information in the form of amplitude, line width, and decay time was collected multiple times and used to train multi-class support vector machine (SVM) models . These SVMs help in creating a unique classifier for every product which can be used for authentication. The product under test can be either traced to its manufacturer or used for a simple authentication at any point in its lifecycle.
The paper is organised as follows. Some recent food and dietary supplement contamination, fraud and adulteration events are mentioned in The need for supplement authentication section. Related work section provides a brief introduction to various analytical spectroscopic methods for detecting such events and their relative advantages. Basic knowledge about NQR and the instrumentation is provided in NQR spectroscopy for chemical analysis section. The integrity of the measurements is discussed in detail in Measurement noise section. The working of the apparatus and classification results using trained SVMs are explained in Results section, followed by the conclusion in Conclusion section.
In the following sections, we provide information regarding the necessity of authentication of supplements, existing methods for authenticating them and discuss their potential in making authentication devices which are portable and economical.
The need for supplement authentication
Food and dietary supplement contamination are one of the major threats globally for human and animal health. There have been many instances of medicines or food fraud and adulteration which led to disastrous issues. This long-standing problem is prevalent in different parts of the world and causes various foodborne illness. Two of them are described in this section in order to understand the necessity for authentication of food integrity.
As mentioned in (Jahnke, 2017) , 200 people died in Lahore, a city in Pakistan, because of a mysterious illness. A drug prescribed to patients had been contaminated with an antimalarial, whose active ingredient looked very similar to that in this drug. The combination of chemicals turned lethal by entering the bone marrow. Ironically, the drugs under test had to be sent to the United Kingdom for analysis because the local lab was unreliable. In pharmacological language, the killer was a 'substandard drug'. In this case, a portable NQR device would have reduced analysis time and thus may have saved lives.
Distribution of contaminated eggs was recently observed in Belgium. The eggs were contaminated with a pesticide called Fipronil, which is very toxic and hazardous to health (it can harm the liver, lymph glands, and kidneys). Upon more assessment and observation, it was found that the pesticide was mixed in a cleaning agent which is normally used in chicken farms. Due to this, the eggs produced by these farms were contaminated with Fipronil. European countries like France, Britain and Switzerland are now considering this issue seriously and take necessary steps for detecting contaminated eggs (Schuetze, 2017) .
Related work
There are numerous analytical spectroscopic methods available for authentication, such as Nuclear Magnetic Resonance (NMR), Infrared (IR), near-infrared (NIR) and Raman, as shown in Table 1 . These non-invasive and non-destructive techniques are desirable because of their simplicity in sample preparation. In particular, they are label-free, which allows authentication to be implemented at both the manufacturing end (from production to distribution) and also at the consumer end (from purchase to consumption). This would reduce the chances of fraud by allowing authentication results from various sources to be combined using cloud storage. However, each method has pros and cons compared to NQR, as explained below.
Raman spectroscopy is based on the principle of Raman scattering (Colthup, 2012; Renishaw, 2017) . It uses laser light at a frequency to irradiate a sample and generates information based on molecular vibrations and a crystalline structure (Grasselli et al., 1980) . It provides non-contact and non-destructive spectroscopic analysis along with zero sample preparation. Different organic and inorganic materials in gaseous, liquid, solid, crystalline, solutions and emulsion states can be measured relatively fast compared to other spectroscopic methods. Although these aspects make it a favourable choice for authentication of dietary supplements, the limitations like the need to use transparent containers, bulky apparatus and chemometrics make it difficult to use in the supply chain.
Near-Infrared (NIR) spectroscopy is a non-destructive and non-invasive analytical technique that detects overtones and combination lines of fundamental molecular vibration lines, which generally occur in the mid-to far-infrared (Soul & du Plessis, 1999; Pasquini, 2003) . Thus, the NIR signal provides information on chemical bonds and physical structure of molecules. One of the drawbacks of NIR spectroscopy is that the absorption bands are overtones (i.e., harmonics) and combinations of fundamental resonance lines, which makes them broad and not clearly delineated. Hence, the quantitative analysis of the signal is complex and instrument-specific (Davies, 1963) . Moreover, NIR spectroscopy is not very sensitive, so most applications are based on detecting major constituents. It can be used on solids, liquids, powders and gels, but only if enclosed in transparent containers. In addition, low resolution and the need for chemometrics makes it difficult to use for authenticating food and dietary supplements. Moreover, NIR has limited penetration depth (typically <1 mm) and relies heavily on the reflection of the near-infrared from the surface, which is not suitable for bulk measurements. Thus, NIR spectra are heavily affected by particle size, scatter and multicollinearity. For example, people can easily fool NIR by coating drug tablets with the desired active ingredient and filling the inside with a non-active ingredient such as starch or even something harmful to the consumer.
Mid-Infrared spectroscopy is similar to NIR but detects fundamental absorption bands (Ritchie, 2017) . It works using attenuated total reflectance (ATR) which is suitable for solids, liquids, powders and gels. However, ATR utilises a small portion of the entire sample which results in inconsistent reproducibility and sampling errors. Fortunately, quantitative analysis of mid-IR spectra is reproducible from one instrument to another, unlike in NIR (Lawson-Wood & Robertson, 2017) . Disadvantages include high price and need to use containers that are transparent in mid-IR. In particular, the latter requirement makes mid-IR difficult to use for authenticating food and dietary supplements; however, it is widely used for trace gas analysis in medical monitoring applications.
All the aforementioned methods have disadvantages in the form of low sensitivity, expensive equipment and pre-processing steps which hinders their potential to be made as a portable hand-held authenticator at the consumer end as mentioned in Table 1 . NQR resonance frequencies are highly specific to the chemistry of the material under investigation, which means every spectrum is unique. Furthermore, the technique is sensitive to the solid-state environment of molecules and can even distinguish between the same pharmaceutical preparations from different manufacturers. Thus, while all the techniques mentioned above can be made portable and low-cost, NQR has some unique advantages over other methods for food/supplement authentication. Also, multimodal devices that combine several methods (e.g., NQR with NIR) are also of interest because of their complementary spectral contrast mechanisms.
Method
In this section, we describe in detail the method for authenticating dietary supplements from different manufacturers using NQR spectroscopy combined with machine learning.
NQR spectroscopy for chemical analysis
NQR is an analytical, quantitative, non-invasive and non-destructive approach to signature generation (Latosinska et al., 1995; Latosiska, 2005; Prez et al., 2005) . It utilises RF magnetic fields to induce and detect transitions between sub-levels of a nuclear ground state (Prez et al., 2005; Suits, 2006) . These sub-levels are generated by interactions of nuclear charge distributions with nearby electric field gradients (EFGs), and NQR spectra result from resonant transitions between them (Lee, 2002) . Only nuclei with the spin I > 1/2 embedded in a structure with lower than tetragonal symmetry generate NQR lines; moreover, high isotopic abundance is desirable for sensitivity. NQR resonances appear in the RF range of the electromagnetic spectrum. Unlike the related analytical spectroscopic technique of NMR, NQR does not require any external static magnetic field. Due to this, NQR is also referred to as "zero-field NMR". The nuclear Hamiltonian (Chen et al., 2016) assumed during the NQR analysis is given by
where w x Q is the quadrupolar coupling constant, 0 ≤ g ≤ 1 is the asymmetry parameter of the EFG tensor in the principal axis system fixed on the nucleus, and I z , I + and I À are spin operators. Fig. 2 shows the resulting stationary energy levels and transitions between them for nuclear spins I = 1 and I = 3. In this paper, we focus on the 14 N isotope of nitrogen, due to (i) the widespread presence of nitrogen in food and dietary supplement, and (ii) high natural abundance (99.6%). This nucleus has I = 1, and the corresponding NQR resonances occur in the 0.1-5 MHz range. However, we also briefly state results for the I = 3/2 case for completeness. This is because several other nuclei commonly studied using NQR spectroscopy, including 23 Na, 35 Cl, 37 Cl, and 39 K, have I = 3/2.
The three transition frequencies x + , x À and x 0 for I = 1 are given by
Also, the single transition frequency for I = 3/2 is given by
The parameters x Q and g define the transition frequencies of a particular nuclear site. They depend on the local electric field distribution, which is a sensitive function of the molecular structure. Thus, NQR resonance frequencies are highly sensitive to the chemical structure of the material. Other characteristics of NQR spectra, such as amplitude and line-width, provide additional information regarding the material. For example, the amplitude depends on the concentration of the active ingredient, while the line-width depends on physical form and modifications in material properties due to ageing (Barras et al., 2012a (Barras et al., ,b, 2013 . Thus, these parameters are highly sensitive to the solid-state environment of the molecules, which allows us to derive unique signatures from NQR spectra. In particular, even nominally identical substances produced by different manufacturers can be identified.
For analysing the chemical composition of diverse dietary supplements, we employ pulsed NQR measurements using the spin-locked spin echo (SLSE) sequence (Chen et al., 2016 . As shown in Fig. 3 , this pulse sequence consists of an initial excitation pulse and a long train of refocusing pulses separated by an echo period. Both the excitation pulse and the refocusing pulses have the same length with a relative phase shift of p/2 between them. NQR signals (spin echoes, denoted as s(t) in Fig. 3 ) appear in between the refocusing pulses. Nonlinear fitting is used to extract three parameters from these echoes: initial amplitude (A), frequency-domain line-width (Δf), and decay time constant (T 2,eff ). Note that 1/(Δf) is approximately equal to the width of each echo, which is much smaller than T 2,eff . Thus, these two parameters provide independent information about the sample. 
Measurement noise
NQR is a relatively insensitive technique due to its low resonance frequencies (0.1-5 MHz for 14 N), which correspond to small energy level differences. Thus, it becomes challenging to ensure that the signal-to-noise ratio (SNR) is high enough to draw statistically valid conclusions of sample properties. In addition to intrinsic noise sources (e.g., thermal noise in the detector), NQR is also susceptible to interference from external RF sources (e.g., AM radio stations) and environmental perturbations (e.g., temperature fluctuations). A two-detector method has been suggested for removing external sources (Smith & Rowe, 2002) .
In this paper, we focus on statistical validation of our data in the presence of external noise sources. Our general approach is to repeat the fitting process multiple times with artificially-generated synthetic noise that has the same statistics (i.e., mean and standard deviation) as the experimental noise .
Signal parameters (A, Δf, and T 2,eff ) are extracted at each iteration, and their statistics analysed to evaluate measurement uncertainty.
The evaluation process starts by (i) weighting the measured signals (echoes) by their expected amplitudes (using an initial estimate of T 2,eff ), (ii) matched filtering and (iii) fitting to an exponential decay function to get the values of A and T 2,eff . The residuals from the fit give an estimate of noise in the fitted data. Using this information, synthetic noise waveforms are created with the same statistical properties i.e., mean and standard deviation. The latter is added to the estimated signal decay curve and fed into the fitting routine multiple times to obtain new estimates for the signal parameters (A, Δf, and T 2,eff ). The distributions of these fitted parameters can be visualised using normalised histograms (see Fig. 4 for an example). We expect these to be approximately Gaussian when external noise sources are absent since the intrinsic noise of the detector is well-modelled as additive, white and Gaussian. Moreover, we can use the mean and standard deviation of each distribution as our best estimate for expected value and measurement uncertainty of that parameter, respectively.
Accuracy of estimated model parameters
We now describe the parameter estimation process more formally. The accuracy of parameters after modeling is crucial to quantitative measurements and classification. During the measurements, the received signal varies due to noise, time-varying RF interference, environmental change, etc. which directly impacts measurement stability and reliability. On the other hand, for pharmaceuticals and dietary supplements, the amount of ingredient must be tightly controlled. Thus, parameter differences are generally quite small among different brands of the same product. Therefore, it is important to guarantee the accuracy of the estimated parameters to reduce false positive and false negative rates. In real scenarios, each NQR measurement is conducted with slightly different environmental noise. In addition to controlling temperature and shielding the setup with a metal box, we also applied the model fitting method to reduce fitting error as well as monitor the system noise.
Consider the fact that the underlying true set of model parameters (p true ) are contaminated by noise. For n experimental realisations, parameters (p 0 , p 1 , . . ., p n ) are statistically extracted from the measured data set (D 0 , D 1 , . . ., D n ). To estimate the probability distribution of p i Àp true where i 2 (1, n) without knowing p true and without an infinite number of hypothetical data sets, we utilised the Monte Carlo simulation of synthetic data sets to save experimental effort and enhance the accuracy of parameter estimation. Assuming p 0 is a reasonable estimation of p true , we can conclude that the distribution of p i Àp 0 is similar to that of p i Àp true . Furthermore, with some understanding of the characteristics of the measurement data, e.g., mean and variation, we can generate synthetic data sets (D (Lutchen & Costa, 1990; Wolff, 2004; Costa et al., 2011; Glantz, 2012) . This is a variant of the wellknown bootstrapping procedure.
In our case, we assume that the measurement noise is dominated by white noise, so the synthetic noise is assumed to have a Gaussian distribution. Instead of directly generating synthetic data sets, we add synthetic noise to the original measured data set which is then fed into our matched filtering and fitting algorithm to collect synthetic parameters. In this way, we can estimate experimental noise from the data acquired during several measurements to minimise the overall measurement time. By using such an algorithm, we can also identify and reject noise outliers, i.e., measurements for which the noise level is located out of a reasonable range; there may be a system-related problem during such measurements.
Importance of parameters in classification
Physical characteristics of samples like shape, size, and colour can easily be reproduced as seen in Fig. 5 and in most cases, these alone cannot be used as a criterion to distinguish or authenticate products. In these situations, the three-parameter signature generated using an NQR analysis can be utilised. The process is described in more detail in Sample preparation section.
Subtle changes in crystal structure caused by sample preparation conditions (e.g., the pressure applied when powders are packed into pills) result in mild deviations in T 2,eff and Δf. These conditions differ from one manufacturing unit to another. These differences can be exploited to distinguish between samples from different manufacturers.
SVM classification
We distinguish between different substances for authentication purposes by using SVMs, which are supervised learning models used for both classification and regression. In our case, given a set of training samples with NQR parameters (A, T 2,eff , and Δf) as predictors, each example is marked as belonging to one category -in this case, the manufacturer. The SVM algorithm builds a model that assigns new examples to one manufacturer or the other, resulting in a non-probabilistic binary linear classifier. The model represents the examples as points in space, mapped so After training, products under test are mapped into the same space and predicted to belong to a class (i.e., manufacturer). By training such a classifier, products can be inspected at any stage of the supply chain for authentication and traceability. Moreover, by comparing the inspection log of each stage, changes in classifier predictions can represent degradation during transportation in the supply chain.
Results
In this section, we present experimental results for authentication of several common dietary supplements using the method described in Results section.
Experimental setup
The laboratory setup consists of a detector (solenoid coil) and matching network mounted inside an aluminium box to reduce external RF interference (RFI). The matching network is connected to a commercial bench-top magnetic resonance (MR) spectrometer (Kea2, Magritek) that contains a power amplifier (PA), low-noise amplifier (LNA) and transmit-receive switch (duplexer). The PA acts as the transmitter and the LNA as the receiver, while the duplexer switches the coil and matching network between transmit and receive modes. The spectrometer is powered by two 12 V, 18 Ah lead-acid batteries connected in series. It can be controlled from a PC via a graphical user interface (GUI) named Prospa that allows the user to generate pulse sequences and store the data. Stored data is analysed on the PC to provide information on authenticity.
One of the significant parts of the setup is the sample holder, on which the solenoid coil is wound. The latter is used for both excitation and detection, i.e., by generating an RF magnetic field which induces transitions between the nuclear energy levels (when the duplexer is in transmit mode) and inductively detecting the resulting time-varying magnetic flux (when it is in receive mode). The solenoid is made by winding AWG 20 wire around a hollow PVC cylinder of height 90 mm and base diameter 30 mm. The outer surface is threaded to firmly accommodate the coil and the ends are glued to get consistent results. The coil has 31 turns with an effective diameter of 31 mm and length of 70 mm. The solenoid is then securely mounted inside the aluminium box, which has dimensions of 260 mm 9 160 mm 9 90 mm, to reduce RFI from the surrounding environment and also accommodate the matching network. The latter is tuned to a specific frequency by using TTL-level digital signals from the spectrometer that assign 'on' and 'off' states to capacitor channels as shown in Figs 6 and 7.
The tuning process occurs as follows. The spectrometer generates sequential pulses with a programmable number. Rising edges of the sequence are counted by an accumulator on the matching network board. The output bits of the accumulator serve as a binary code representing the number of input pulses. These are then used to switch the states of individual capacitors, thus programming the tuned frequency. The overall programming time is limited by the number of programming pulses, e.g., for n = 10 channels, the maximum possible number is 2 n À1 = 1023. We reduced this time using base-n/2 notation, i.e., by dividing the sequence into 2 separate pins, each of which only programs n/2 = 5 channels. This limits the maximum number of pulses to 2(2 n/2 À1) = 62, thus reducing the programming time by $ 169 on average.
Sample preparation
In brief, we bought samples of three different products (Acetaminophen (Tylenol), L-Histidine, and L-Proline) from various manufacturers and both physical and online vendors for NQR-based classification and measurement. The first is a common over-the-counter medication, while the others are amino acids that are often consumed as dietary supplements. All of them contain one or more 14 N atoms and thus generate NQR signals with resonant frequencies between 1-3 MHz. For each of the substances, we prepared samples with the same nominal amount of substance from three different brands. Specifically, each product (in pill or powder form) was unpacked, put inside the coil (Fig. 7) , and analysed near its respective nominal resonance frequency (Acetaminophen: 2.564 MHz, L-Histidine: 2.39 MHz, and L-Proline: 1.48 MHz) using the experimental setup (Experimental setup section). A summary of the sample properties is provided in Table 2 . The experiments used the SLSE pulse sequence to excite the sample near its specific resonance frequency. The received echoes were then analysed to obtain three parameters for every sample. These three parameters were utilised to train a classifier, as described further below. The trained classifier can be used to authenticate any new sample under test, thereby verifying its legitimacy.
Measurement and classification results
As shown in Fig. 8a, b , the filtered echoes were fit to a mono-exponential decay function for estimating T 2,eff . Note that the value of T 2,eff can range from several milliseconds to seconds depending on the sample and that samples with longer values of T 2,eff require longer measurement times. While the proposed approach shows a good stability of analysis across multiple measurements, long measurements do suffer from unwanted variability due to environmental fluctuations (e.g., temperature), intermittent RF interference, etc. Proper device design and calibration procedures are important to reduce these effects. The effects of temperature on long measurements can be particularly important. In the past, we have combined built-in temperature sensors with pre-computed calibration tables to eliminate temperature-driven NQR measurement variability . Figure 8 Analysis of the data using the three NQR parameters. [Colour figure can be viewed at wileyonlinelibrary.com]
As shown in Fig. 8c, d , the echoes are further analysed to estimate amplitude (measured as the peak value of the spectrum) and line-width (estimated using 50% of the maximum amplitude, which is shown as the reference line). However, since the SLSE sequence acquires the signal in pulsed mode, instead of measuring the true line-width of the sample, we are actually measuring it after convolution with the Fourier transform of the acquisition window. Fortunately, this just adds a constant offset to the measured values and does not affect the classification results. If necessary, this effect can be numerically removed by deconvolution.
The three extracted parameters (examples shown in Fig. 8b and d) are then used for classification. Note that the error bars that show the measured variability in the parameter estimates in Fig. 8b and d are consistent with the bootstrapping-like procedure explained in Accuracy of estimated model parameters section. Specifically, the error bar for each parameter lies within AE2r, where r is the expected standard deviation of that parameter obtained from the estimation procedure. In addition, note that while mono-exponential decay curves fit this particular data set, in many cases NQR decays are bi-or multi-exponential, which would increase the number of classification parameters.
We used the three collected parameters to train an SVM for classification and tracking, as shown in Fig. 9 . In particular, we used MATLAB to train an error-correcting output codes (ECOC) classifier, which is an SVM-based algorithm for multi-class machine learning. To evaluate the ECOC, prediction accuracy has been analysed in terms of re-substitution response prediction accuracy and cross-validation accuracy, which are summarised in Table 3 . The term 're-substitution' refers to the accuracy achieved by the trained classifier on the same sample that was used to train it. It is well established that resubstitution accuracy is optimistically biased; thus, cross-validation is a more appropriate method of predicting the performance of the trained classifier on test samples that are not part of the training set. For example, Table 3 shows that re-substitution accuracy for the trained, multiclass, error-correcting output codes (ECOC) model (estimated as the average accuracy when multiple sets of the same data are predicted using the same classification model) is systematically higher than the cross-validation accuracy.
The 3D scatter plots of each product are shown in Fig. 10, Fig. 11, and Fig. 12 , respectively, along with the corresponding support vectors. It can be observed from Fig. 13 that the prediction accuracy increases as the number of classes decrease; this is due to the increased distinction between the clusters with a resubstitution accuracy of 98.75% and the cross-validation accuracy of 98.75%. The statistical significance of this SVM classifier was validated using permutation testing (10 000 iterations). The probability distribution of classification accuracies for the null distribution was found to be nearly Gaussian with a mean of 42% and a standard deviation of 3.35%. This is statistically distinct (at the 16r level) from the cross-validation accuracy of 97.5% obtained with correct labelling. This result verifies that the prediction accuracy obtained by cross-validation and re-substitution cannot be obtained from random data. The experimental classification accuracies are summarised in Table 2 . We conclude that each of these samples can be accurately differentiated from counterfeit products as well as from different manufacturers with high accuracy by using NQR spectroscopy in combination with SVM classification. Thus, it is clear that NQR can be used to reliably authenticate dietary supplements.
In addition, we also used the acquired data to train and compare several other classification algorithms including Naive Bayes, Logistic Function, Multi-Layer Perception, Multi-Class Classifier, Part Classifier, Random Forest, Random Tree, LogicBoost, Classification via Regression, and K-star. The average classification accuracy of acetaminophen (Tylenol), L-proline and L-histidine from three brands for these classifiers are summarised in Fig. 14 . The results are distributed between 90.9% and 95.3%, with SVMs achieving the highest average accuracy among the selected classifiers.
Effect of temperature on classification
Measurements were also taken at 10 different temperatures (near room temperature) and then over a wider temperature range to test the effect of temperature fluctuations on classification accuracy. As shown in Fig. 15a , the amplitude A, which is proportional to the amount of active ingredient, decreases with temperature. The rate of decrease is $ 89 larger than the 1/T dependence expected theoretically . This result indicates the dominance of other effects, such as a change in NQR resonance frequency or coil tuning frequency with temperature. In Fig. 15b , a gradual increase in the decay time-constant T 2,eff can also be observed with temperature. This may be due to the increased thermal motion of atoms with temperature, which is expected to decrease decay (i.e., relaxation) rates due to increased motional averaging of the resulting EFG fluctuations; an analogous effect occurs for NMR (Fukushima & Roeder, 1981) .
In addition, complex variations in line-width Δf versus temperature can be observed, as shown in Fig. 15c . The underlying causes of this behaviour are being studied. Fig. 15d shows the classification accuracy versus temperature when tested using a classifier which is originally trained at room temperature. The figure shows that the SVM classifier maintains high accuracy within a AE10°C range around room temperature while decreasing steeply outside this range. Thus, the trained SVM is insensitive to small environmental fluctuations.
Conclusion
We have presented a novel non-invasive chemometric approach based on NQR spectroscopy for verifying the integrity of dietary supplements and tracing them through the supply chain. Our approach is based on intrinsic chemical and structural properties of a supplement, which is difficult to clone because the exact manufacturing conditions are difficult to replicate. The measurement system is low-cost and portable, which allows authentication to be performed at any stage of the supply chain. In particular, we have shown how to classify solid dietary supplements and essential medicines into manufacturer-specific categories by generating a unique watermark based on three parameters extracted from NQR spectra, namely amplitude, decay-time, and line-width. We have presented a complete process for track-and-trace of these supplements through the supply chain based on training a machine learning model with measured NQR parameters. The results for classification is extremely promising with a typical accuracy of >95%. We have also shown that the effects of temperature on parameters on the NQR signature and also classification accuracy are small for variations as large as AE10°C. Thus, the significance of the classification results is very high, which suggests that NQR can be one of the best ways to authenticate dietary supplements.
Authentication with even higher accuracy would be possible with the use of improved instrumentation. For example, the sample can be pre-polarised in a static magnetic field to increase NQR signal amplitude, thus improving SNR (Glickstein & Mandal, 2018) . Moreover, the current setup is limited to only solid supplements, since NQR is more effective for solid materials. In order to use our approach on a broader set of supplement products (e.g., both solid and liquid products), we are planning to combine NQR with lowfield NMR (Greer et al., 2018) . Our future work would also consider the application of the proposed method to authenticate diverse food products. We are also planning to reduce the size and cost of the system such that it can be conveniently used at different stages of the supply chain.
